Abstract. When designing the natural language question asking interface for a formal knowledge base, managing and scoping the user expectations regarding what questions the system can answer is a key challenge. Allowing users to type ask arbitrary English questions will likely result in user frustration, because the system may be unable to answer many questions even if it correctly understands the natural language phrasing. We present a technique for responding to natural language questions, by suggesting a series of questions that the system can actually answer. We also show that the suggested questions are useful in a variety of ways in an intelligent textbook to improve student learning.
Introduction
Creating natural language interfaces for knowledge bases and databases is an actively studied problem for knowledge acquisition systems [9-11, 13, 14] . The design choices for these interfaces range from supporting a full-fledged natural language interface to using a formal query language such as SPARQL. In between lie options such as using a controlled natural language interface [10] or an interface guided by the ontology [14] . Using a full natural language interface is compelling, as it requires no training, but creates the obvious problem of the system not always being able to understand the question. Moreover, even if the system correctly understood the question, the knowledge base may be unable to answer the question. In this paper we describe a suggested question (SQ) facility that in response to the user's natural language questions, suggests questions that the system can actually answer. Such a facility both scopes the user's expectations, and minimizes the training requirements.
The context of our work is an intelligent textbook called Inquire Biology [3] that helps students to learn better. Inquire includes a curated biology knowledge base [8] and a reasoning system [15] for answering questions. This application required that the training for its users, who are students, be close to zero. Several studies with students have found both Inquire and the SQ facility reported here to be effective in practice [3] .
We begin this paper by giving examples of different ways in which SQs are used in Inquire. We then give background on the knowledge base and the questions that can be answered by using it. Next, we describe our approach to question generation. Finally, we consider lessons learned and conclude with a summary.
Suggested Questions in Inquire
First and foremost, the SQs are used to auto-complete and suggest alternative questions in response to a user's natural language question input. In Figure 1 , we show the question answering dialog box which also illustrates the questions that are suggested in response to a user's input. In this example, the user's question is well-formed and will be answered as it is, but in many cases, the question as typed cannot be answered. The suggested questions provide alternative questions that are closely related to the concepts in the user's questions and that are known to be answerable by the system. Second, as the user is reading the textbook, and creates a highlight, the system will generate questions that relate to the highlighted text. This feature is illustrated in Figure 2 in which the user highlighted the word Mitochondrion. In response to this highlight, the system automatically generated questions that are shown in the right margin.
Finally, when the user views the answer to a question, or views the summary of a concept, we embed a set of SQs that can provide further information. In Figure 3 , we show the concept of Mitochondrion, and the suggested follow-up questions in the bottom right hand corner.
Knowledge Base and Question Answering Capability
Our system uses a knowledge representation that has many of the standard features such as classes, individuals, class-subclass hierarchy, disjointness, slots, slot hierarchy, necessary and sufficient properties, and Horn rules [5] . Although knowledge engineers can edit any portion of the KB, domain experts author only existential rules [1] through a graphical user interface. An example of a rule authored by the domain experts is shown in Figure 4 . In this graph, the root node is Mitochondria and is shown in white background and is universally quantified. Every other node in the graph is existentially quantified. For example, this graph asserts that for every instance of a Mitochondria, there exists an Enzyme and a Mitochondrial-Matrix such that Mitochondria has-part an Enzyme, and that Mitochondria has-region Mitochondrial-Matrix, and further that the Enzyme is-inside the Mitochondrial-Matrix. Each question answered by the system can be viewed as an abstract question template, and we currently have more than 30 such question templates. Instead of enumerating all the question templates, we consider a few salient ones below. For each question template, we first give a phrase identifying it, followed by its abstract formulation, and then an example. (1) Reasoning processes underlying these questions have been previously published [7, 6, 4] . For the purpose of this paper, we will primarily be concerned with the problem of automatically generating instantiations of the above questions that the system can actually answer.
Question Generation
The question generation process includes two steps: (1) crawling the knowledge base to synthesize a question in logical form and its realization in English, and (2) ranking the questions. Below we consider these steps in greater detail.
Crawling the KB
We crawl the KB to create instantiations of each question and generate a database of questions. This pre-computed database is then used at run-time to select questions to suggest. The crawling process is different for each question type as we explain next.
For definition questions, we query the KB for all the biology specific concepts. Each concept name is substituted in the template "What is X?" to create a question.
For the find a value question, we process the graph corresponding to each existential rule. The questions are generated based on the length of the path from the root node which can be controlled as a parameter. For example, for the concept shown in Figure 4 , the root node is Mitochondria. For a concept with root node X, if a relation R has more than one value, (e.g., has-part), we generate the question: What are the parts of X? (Here, has-part is realized as "parts" in the English version of the question.) For a concept with root node X, if a relation R has only one value, we generate the question: What is the R of X? This process can be recursively repeated by traversing the graph to a greater depth. For example, for a depth two, we would get questions of the form: What is R1 of Y that is R2 of X? This question is realized in English as "What are the parts of the mitochondrial membrane that are also a part of a mitochondrion?" For a yes-no question, the process is very similar to the find a value question type except that for such questions instead of querying for a value of a relation, we are interested in testing whether a specific value is in a given relationship to the concept. An example of such a question is "Is it true that an enzyme is a part of mitochondrion?" If we wish to generate a question that has a negative answer, we can switch the correct relationship with another relationship. For example, we could produce "Is it true that an enzyme is a region of a mitochondrion?"
The identification questions are generated for concepts that have sufficient properties defined for them. An example of such a question is: What cells have a nucleus? This question is generated from the sufficient property for being a Eukaryotic-Cell which is that any cell with a nucleus is a Eukaryotic-Cell. One challenge in generating such questions is that if a concept has a complex sufficient property, generating good English sentences corresponding to it can be very hard.
For generating a relationship question, we pick two concepts. We choose the first concept based on the context in which the question is to be generated. For example, if the question is in response to a highlighting of the text, one of the concepts must appear in the highlight. If the question will be generated for a concept summary page, then that concept is chosen as one of the two concepts. We choose the second concept based on the following criteria: (a) the second concept must have either a direct or indirect relationship to the first concept in some concept graph; and (2) the second concept could be a sibling of the first concept in the class taxonomy. An example of such a question is "What is the relationship between a mitochondrion and chloroplast?"
For generating a comparison question, we must choose two concepts. The first concept is chosen based on the context as it was done for the relationship question. The second concept is chosen based on the following criteria: (a) the second concept is a sibling of the first concept in the class taxonomy (b) the second concept is disjoint from the first concept (c) the second concept is related to the first concept using the same relationship such as has-part. An example of such a question is: "What is the difference between a glycolipid and a glycoprotein?" Here, both glycolipid and glycoprotein are sibling subclasses of an Amphipathic-Molecule, and are also related to a Biomembrane by a has-part relationship.
We generate a how many question based on the cardinality constraints in the KB. For every qualified number constraint present in the KB, we generate the following question: How many Ys are R of X? An example of such a question is "how many chromosomes does a human cell have?"
The event centered questions require a slightly different crawling of the KB as these questions are based on the participants of an event. Thus, the crawling of the KB can be viewed as breadth-first search. For example, for an event E, if we have two relations R1 and R2 with respective values of X and Y , we can generate a question using E and X such that Y is the answer. Suppose we have a process representing virus infection in which the agent is Virus and the object is a Cell. For this representation, we can generate a question such as "What does a Virus infect?"
Ranking the Questions
Using the methods described in the previous section, we populate a question database. Our question database contains more than 20,000 questions; for any given situation, several hundred questions could be relevant. Because we do not wish to overwhelm the user, we must select most interesting questions and display them in some ranked order.
The first step in selecting the relevant questions is identifying the relevant concepts and relations that should serve as the trigger point for selecting questions from the SQs database. For suggesting questions in response to a question typed in by the user (as in Figure 1) , we determine the concept names that the user has already typed in the question. For suggesting questions in response to a user highlight (as in Figure 2 ), we identify all the concept mentions in the selected region of the text. For suggesting follow up questions (as in Figure 3) , we use the concepts in the questions, but we make sure that we do not suggest the question that the user has already asked. The identification of concepts based on the question or selected region of text, as well as identification of relevant questions based on the concept names, is done by a semantic search that considers lexical mappings between the text and the concept names. Based on the concepts identified for each situation, we search the SQ database to determine all the relevant questions. The questions selected during this step are used for further ranking as we explain next.
The ranking function should rank questions based on their quality, importance and relevance to the input paragraph. Another ranking criterion should be the diversity in question types and KB content. Even if some question types are more interesting than others, or some concepts are more important, that does not mean the system should always rank those types of questions at the top of the list. Students should be given a broader landscape of questions they could potentially ask the system. Ranking should assure diversity in question types and concepts for which the questions are generated. Whenever no clear motive exists for ranking a question higher or lower, one can rank based on the length of the question. Short questions should be given higher preference over longer questions. Because if a question is too long, then either it is quite likely too complex, or the SQ system may fail to properly phrase the question.
Our approach for ranking based on question types was to associate a numeric score with each question type. Our ranking scheme and the rationale for it is summarized in Table 4 .2. A lower numeric score indicates higher interest. These rankings were provided by the biology teachers on our development team. With each question we associate two ranking values: (1) The first ranking value is referred to as rank within a concept, and is a rank of that question within all the questions that are generated for that concept and an ordering based on the length of question. For a given concept, we expect that multiple questions of each type exist; (2) The second rank referred to as rank within a question type, and is a rank of a question within the questions for a concept that are of the system type. We compute the overall score of a question as a product of rank within the concept, rank within a question type and the overall rank of a question type based on the ranking in Table 4 .2.
Evaluation
There are two kinds of evaluations of interest: (1) Given a paragraph, to what extent does the SQ facility generate questions that are educationally useful? (2) For the questions generated by the SQ facility, how many of the questions are educationally useful and ranked in the order of interest? To evaluate each of these aspects, we designed two separate evaluations that we discuss next.
Testing coverage of educationally useful questions
We selected a page with six paragraphs from the biology textbook. We chose the page in a way that its content was adequately represented in the KB to provide a good basis for question generation. We asked two biology teachers to generate questions that they thought were important for each of the six paragraphs. We asked them to generate as many important questions as they could findl; however, a minimum of three questions per paragraph was expected. The questions were to be asked from the perspective of a student who wants to learn, or who is curious about some new information that is not present in the current paragraph, but is related to it. Further analysis of these questions revealed what makes a good and interesting question in the given contexts.
After the first task was completed, we computed how many of the questions generated during this process were also present in the questions generated by the SQ facility. The following table summarizes those results. The above data show that of 99 questions authored by biologists, 8 questions were too vague. An example of a vague question is: "Is there anything else in nucleus besides genes?". This question was considered too vague as it is too open ended about what is being asked. Thus, 91 questions were deemed of good quality. The SQ system's current capability could generate 29 of these questions. An example of such a question is: "What is the difference between a nuclear matrix and a nuclear lamina?" This is a comparison question and can be easily generated and answered by the system. The system could potentially generate 35 more questions by minor extensions to the current capability. An example of such a question is: "During what phase of the cell cycle does chromatin condense into chromosomes?" This is an event-oriented question that specifies the context of the cell cycle and that requires an extension to the current SQ facility. Some questions produced by the biologists were too difficult to generate and to answer by the system. An example of such a question is: "During transcription, what is the advantage in synthesizing RNA instead of DNA?" Our system does not currently represent such information. Thus, of the 91 good-quality questions, 64 questions (i.e., 70%) were in an easy reach of the current SQ capability, making it a viable way to formulate questions in this domain. The remaining questions would not be answerable by the system even if they could be properly formulated and understood by the system.
Evaluating the quality of generated questions
For the selected page, we computed the questions produced by the SQ facility. Each question was labeled by the system as relevant or not relevant for each paragraph. The biology teachers were asked to rate questions for each paragraph that the system deemed relevant on a three-point scale: (1) The question is definitely important. (This question is useful and could be presented to the student.) (2) This is a mediocre question. (This question might have a good answer but is probably not very relevant information. This question may also have good content but is a poorly formed question.) (3) This is not a good question. (This question should be thrown out because the answer is irrelevant information to a student.) Further, from the set of questions that were rated a "1", the raters were asked to select the top three questions for each paragraph.
The system found 38 concepts in the selected page, for which it generated a set of 376 unique questions. For these questions, we asked two different raters to give rating data points. Their ratings were aggregated, and the overall scores were as follows: 28.7% questions received a score of 1; 43.6% of questions received a score of 2; and 27.7% of questions received a score of 3. Because the total number of questions was 376, this gave us 108 questions for this page that received a score of 1. This set provided a good starting point for questions that we could use in our system right away and also left ample room for further improvement.
Let us consider examples of questions from each category. As an example of a question rated "1" by both biologists, consider "What is the relationship between a chromosome and a DNA?" This question gets at the deep knowledge associated with the structural relationship between these two entities. As an example of a question rated "2" by both biologists, consider: "What is the relationship between a DNA and deoxyribose?" This question was rated a "2" because the biologists felt that it questioned two very closely related entities. As an example of question rated as "3", consider: "Is it true that translation termination is a sub step of termination?" This question was not considered particularly deep and educationally useful by the biologists.
Related Work
Considerable recent interest has been shown in generating questions for intelligent tutoring systems (For example, see http://www.questiongeneration.org). As we have seen in our work, question generation has two distinct aspects: (1)generating the question and (2) identifying which question is most useful to a user in a given situation. A key difference between our work and these related efforts is that in our system, the questions are generated only from a curated knowledge base, while most question generation systems attempt question generation starting from English text [19, 20] . Our goals differ in that we strive to provide a natural querying interface to a knowledge base that scopes user expectations about what the system can do. Perhaps, the work closest in spirit to ours is a recent effort to generate questions from linked data [12] . The approaches to ranking the SQs range from purely lexical criteria for the quality of the generated questions [16, 20] to ranking based on pedagogical goals [18] . Our work on ranking falls somewhere in between these two approaches as we determine the ranking of questions based on the current capabilities of our knowledge based system and the empirical feedback from teachers and students.
Although users would prefer having a full natural language interface for accessing a knowledge base [17] , few deployed system have seen a high degree of success. The work we reported here builds on our previous work [10] to provide a controlled natural language interface to a knowledge base. Although the previous interface was effective for users who could be given 4-6 hours of training, it still resulted in frequent awkward question formulations. In many cases, even when the system correctly understood the question, the reasoning system could not answer the question, causing significant frustration to the user. In an approach based on question generation, we are guaranteed that the system can indeed answer the question. Because the user is relieved of formulating the question into a controlled English, the system requires no training. A major disadvantage of this approach is that it is criticized for being too limited because it does not handle the full natural language statement of questions.
Recent Work
Since the initial design and evaluation reported here, the suggested question facility has been substantially enhanced. The system now generates all the questions that were previously marked as could be generated with minor extension. We achieved this by substantially enhancing the number of question templates in the system. The current system contains over 90 question templates. In spite of the substantial enhancements, the basic design of the question generation mechanism that has been described eariler in this paper has remained the same.
We have also conducted a study with end-user students that suggested that the SQ capabilities were well used and liked by students. A complete description of this study has been published previously [3] , and therefore, we only summarize the salient points here.
We recruited current community-college biology students (n=25) who were studying Biology and trained them on the use of Inquire, including strategies for using the question answering features. The students were given one hour to read a section of the text, 90 minutes to answer a series of questions representative of a typical homework assignment, and 20 minutes to complete a closed book quiz on the content they had just read.
Compared to control groups with a print text book (n=24) or a version of Inquire without suggested questions and the question answering capability (n=24), the participants with the full SQ and QA functionality scored significantly better on the quiz (full Inquire vs. Ablated Inquire: 0.0015 p-value from a 2 tailed t-test; Full Inquire vs. Textbook: 0.0535) and homework (Full Inquire vs. Textbook: 0.0187). In the course of the study, the 25 students in the Full Inquire condition made heavy use of the SQ/QA capabilities, with Inquire answering 363 questions, with 194 unique questions. 61 questions were asked from the "blue card suggestions, and 60 from the related questions. During a post session debrief, all participants remarked that they relied on the autocomplete capability when asking questions, largely as a way of insuring that a question was properly formed.
Future Work and Summary
The SQ facility must evolve with the question answering facility of the system. As new question types are added, the question types for the SQ facility should be accordingly expanded. Although the current system always generates the same set of questions for a given highlight, one can imagine a generalization of this capability in which different sets of questions are suggested for different purposes. For example, the questions suggested when the user is reading the book for the first time could be different from the questions that are suggested when the user is studying for an exam. The questions suggested at the time of reading can serve both to review previously read information or as a self-test tool to assess whether the student has understood the material. More generally, there is a tremendous potential to devise novel interactive dialogs based on these questions which are sensitive to the current knowledge and learning goals, and are also designed to be instructive to the student by teaching them what are the right questions to ask. Although the current system produces reasonable English sentences, the quality of the English can be further improved by using a good natural language generation system [2] . The current system restricts itself to only a single sentence question; generating multi-sentence questions is open for future research. The ranking function can also be further tuned to specific pedagogical goals. Finally, we need to ensure the scalability of these methods when the size of the KB increases to the scope of full textbook, and the number of question templates is expanded by an order of magnitude.
In summary, we have described a practical approach for constructing a natural language query front end for a knowledge base. This work was conducted in the context of an intelligent textbook application that was required to be a walk up and use system. Our approach was based on generating the questions by crawling the knowledge base. In response to a free form question typed by the user, the system suggests most closely matching question that it can actually answer. Our evaluation results showed that the resulting capability provides good coverage of educationally useful questions and produces good quality questions. We believe an approach based on SQs is a deployable method for querying complex information that strikes an ideal balance between ease of use, user expectations, and implementation feasibility.
